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Abstract
The search neutrality debate is about whether search engines should or should not be allowed to uprank certain
results among the organic content matching a query. This debate is related to that of network neutrality, which
focuses on whether all bytes being transmitted through the Internet should be treated equally. In a recent paper,
we have formulated a model that formalizes this question and characterized an optimal ranking policy for a search
engine. The model relies on the trade-off between short-term revenues, captured by the benefits of highly-paying
results, and long-term revenues which can increase by providing users with more relevant results to minimize churn.
In this article, we apply that model to investigate the relations between search neutrality and innovation. We
illustrate through a simple setting and computer simulations that a revenue-maximizing search engine may indeed
deter innovation at the content level. Our simple setting obviously simplifies reality, but this has the advantage of
providing better insights on how optimization by some actors impacts other actors.
Keywords: Search engine, revenue maximization, neutrality, innovation
1 Introduction
There is an ongoing public debate about search neutrality for the Internet. Recently, some search engines (SEs)
have been under scrutiny by individuals, organizations that oversee the Internet, and regulators in various countries
because the organic search ranking is not only based on measures of relevance, but is also influenced by revenue
considerations (3). For example, Google could favor YouTube and other content of its own because of the extra
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revenue generated from keeping users within their ecosystem of pages and services. Extra revenue relates mainly to
additional ads that users are more likely to click. Bias in organic search ranking has been observed in experiments (5,
7, 12). In (12), for example, it was reported that Microsoft-owned content was 26 times more likely to be displayed
on the first page of Bing (owned by Microsoft) than with any other SE, and that Google content was 17 times more
likely to appear in a Google Search first page than with other SEs. These issues are of interest to governments and
regulators, such as the US Federal Trade Commission (1), the US Senate (10), and the European Union. For instance,
in June 2017, European antitrust officials fined Google 2.7 billion dollars in a lawsuit about search neutrality (8).
The crucial question is whether a SE should only base its ranking on link relevance, and whether a non-neutral
SE could hurt the Internet economy by hampering competition and innovation by favoring content providers that
can afford higher fees. The consequence may be that new applications/content may have a harder time reaching
the top positions of search rankings, which would limit their distribution and their chances of being successful.
The underlying question relates to other policy debates about whether and how to regulate the Internet, the most
prominent example being the net neutrality debate (7, 9).
In (6), we studied a model for a SE that wants to balance the long-term revenues arising from the additional
visits generated by showing more relevant content vs. the short-term revenues generated by prioritizing highly-paying
content. For this model, we have characterized a simple, optimal ranking policy for the SE and showed how to
compute it. The goal in the present paper is to use this model to illustrate how allowing rankings based on other
features than just relevance could potentially hurt content innovation and investment incentives. A different aspect
of non-neutrality of SEs was also investigated in (2), namely the impact of an SE ranking policy on the strategy
of content providers earning money from ads; the key assumption being that more advertisement leads to a lower
quality perceived by users and therefore a potentially lower ranking by a neutral engine.
Section 2 summarizes the model and main results of (6). In Section 3, we construct and study a simple setting
that captures and illustrates the impact of a non-neutral SE on content innovation and investment. This provides
insights on how an SE that implements a revenue-maximizing ranking policy can have a negative impact.
2 An Optimization Model for Search Rankings
We start by summarizing the model and results of (6), which will be used to study content innovation in the next
section. In this model, a SE receives search queries at random. A query is abstracted out as a random vector
Y = (M,R1, G1, . . . , RM , GM ), in which M is the number of pages (or organic links) that match the query (it can be
random), and for i ∈ {1, . . . ,M}, Ri is the estimated relevance factor for Page i and Gi is the expected SE revenue
conditional on the link to Page i being clicked. This revenue may include direct sales, revenue made from ads placed
in the associated page, etc. The values of Ri and Gi are typically estimated by the SE using its internal methodology
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and data. The probability that the link to Page i is clicked (called click-through rate or CTR) when placed at
position k is assumed to be the product θkψ(Ri) of a relevance effect through some non-decreasing function ψ and
a position effect through a (fixed) factor θk, with θ1 ≥ θ2 ≥ · · · ≥ · · · ≥ 0. The different requests Y are assumed to
be independent with some known distribution (in practice, this distribution will be learned from data).
The SE uses a ranking rule π to select a permutation π(Y ) = (π1(Y ), . . . , πM (Y )) of the M links for each request
Y , to produce an ordered list of the organic links. The link to Page i is placed in position πi(Y ), for each i. A
“neutral” ranking always orders the links in decreasing order of Ri, i.e., based on (estimated) relevance only. A greedy
SE that only cares about short-term profits may rank links by decreasing order of ψ(Ri)Gi, but this strategy ignores
that users may churn after being disappointed by the quality of the results. A smart SE should optimize the tradeoff
between immediate revenue generated by highly-paying results, and increased relevance which attracts more users.
In (6), we show how to do this under the following setting.
Let R̃i := ψ(Ri)Ri and G̃i := ψ(Ri)Gi be the relevance and expected revenue of link i weighted by the quality-













be the average relevance and average revenue per request, for a given ranking rule π. The average number of arriving
requests per unit of time is assumed to be λ(r) for some non-negative increasing function λ. We let β be the average
SE revenue per query arising from the sponsored content shown in the search results page. The SE wants to maximize
its average revenue per unit of time in the long run, which is
λ(r)(g + β).
To mimic a neutral SE, one can just set all Gi to 0. The main assumptions of this model are standard (11) and are
further discussed in (6).
One of the main results of (6) is to characterize an optimal ranking policy π explicitly, under mild technical
assumptions, when Y has a continuous distribution. We show that an optimal policy must be an LO-ρ policy (linear
ordering policy with weight ρ), which means that it must rank the links by decreasing order of R̃i + ρG̃i for some
optimal value of the real coefficient ρ ≥ 0, say ρ∗. This ρ∗ can be found easily via a stochastic optimization procedure
such as fixed-point iteration combined with simulation, assuming that Y can be simulated. The parameter ρ has an
economic interpretation: it encodes the tradeoff between short-term revenues (the case of large ρ), and the long-term
revenues arising from additional visits (the case of ρ = 0). In real life, the distribution of Y may change slowly over
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time, but it can be re-estimated continuously and ρ∗ can be updated dynamically. Given ρ∗, using the policy is very
simple and fast.
3 Impact of Non-Neutrality on Innovation and Investment
This section illustrates the potential impact of using non-neutral instead of neutral ranking policies, under the model
put forward in (6) which we summarized in Section 2. To provide insights, we use a simplified setting and show how
non-neutrality may harm competition and innovation.
We consider a first content provider (CP) that is vertically integrated with the SE, a second CP that invests in
innovation, and a fringe of other CPs that compete with them. More specifically, we suppose that among the M
pages corresponding to any request Y , Page 1 is served directly by the SE while the others are served by third-party
CPs. Page 2 is served by a CP that invests in content quality, as described below. The other pages are from the rest
of the CPs and they are all homogeneous. For our illustration, we assume thatM = 10 for all Y . The revenue G1 and
the relevance Ri are assumed to be uniformly distributed over [0, 1], except for R2, which is uniformly distributed
over [0, 1+ z] for an investment effort z > 0 selected by CP 2. This captures the idea that CP 2 invests in quality to
improve its relevance. We assume that the relevance Ri for all i and the revenue G1 are all mutually independent.
Since the revenue generated by Pages 2 to 10 does not go to the SE, we set Gi = 0 for those pages. We assume
that the revenues made by the corresponding CPs with their pages are also uniform over [0, 1], and are independent
across CPs. In addition to its revenue generated as CP 1, the SE receives an expected revenue of β = 1 per query,
from sponsored search. The other model parameters are selected as follows: We take λ(r) = r, ψ(r) ≡ 1, and the
click-through rates CTR(i) = θi are set as measured in (4); see Table 1.
Table 1: CTR values used in the simulations, taken from (4)
θ1 θ2 θ3 θ4 θ5 θ6 θ7 θ8 θ9 θ10
0.364 0.125 0.095 0.079 0.061 0.041 0.038 0.035 0.03 0.022
To see what happens when the SE is non-neutral, we perform simulations in which we compute ρ∗ for the SE and
look at the behavior of the expected revenue for the SE, the CPs, and the users, as a function of ρ. We also compute
the optimal z for CP 2 and see how this optimal z changes when the SE policy goes from neutral to non-neutral. In
these experiments, we assume (as a simplification) that the distribution of Y is always immediately available to the
SE. (In real life there will be a delay to learn and dynamically update the estimate when the distribution changes,
but this would not cause problems if the distribution changes slowly.)
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Figure 1 shows the results of the numerical analysis when the SE ranks the links according to R̃i+ρG̃i, for varying
values of ρ, with z = 1. Recall that we assumed that each CP makes some revenue when its page is clicked, which is
uniformly distributed on [0, 1] and independent of all other variables; hence, for i ≥ 2 the revenue of CP i is simply
half its visit rate. For a neutral ranking (ρ = 0), CP 2 makes more revenue than the other CPs, as expected, because
it regularly obtains a higher ranking (note that we do not include innovation costs here). However, when ρ increases
above approximately 0.8, CP 1 becomes the one with the highest revenue, despite its (stochastically) lower relevance.
The optimal ranking rule for the SE is an LO-ρ∗ policy in which ρ∗ depends on z. For z = 1, we find ρ∗ ≈ 0.7.


















Figure 1: Relevance and revenues (left) and visit rates (right) per unit of time for the setting with vertical integration
of CP 1 and investment of CP 2. On the left, the upper line gives the total revenue for the SE, λ(r)(g + β), the
second upper line gives the global relevance r, which can be seen as a global measure of user satisfaction, and the
lower lines are the revenues to the CPs.
We now take the perspective of CP 2, and compute its optimal investment level z, anticipating that the SE is going
to compute the optimal LO-ρ∗ policy for that choice of z and will rank content accordingly. The profit for CP 2 is the
revenue generated by the search market–i.e., half its visit rate–minus z times the unit investment cost. To maximize
profits in this Stackelberg setting, we simulated the outcomes and computed ρ∗ = ρ∗(z) over a fine grid of values of
z. In Figure 2, we see that ρ∗ increases as a function of z. However, this is not a general property: if λ is convex then
the SE may tend to be “more neutral” (choose a lower ρ∗) when the average relevance of CP 2 increases because
there would be more to gain from improving the average relevance than from improving the average revenues.
Figure 3 shows the curves for the CP profits (left) and visit rates (right) as functions of ρ, for both the neutral and
non-neutral situations, assuming a unit investment cost of 0.4 for CP 2. For CP 1, both the neutral and non-neutral
revenues (and visit rates) increase with z, thanks to the increased relevance, and the difference between them is quite
large and it increases with z. The latter occurs because ρ∗ increases with z and the average relevance also improves,
attracting more visits. For CP 2, this difference between neutral and non-neutral also increases with the investment
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Figure 2: The optimal weight ρ∗ that the SE would use in the (non-neutral) ranking, and the corresponding relevance,
as functions of CP 2 effort.
in quality, for two reasons: (a) increasing z increases ρ∗, which increases the non-neutrality, to the detriment of CP 2
whose page is pushed behind that of CP 1 more often, and (b) even for a fixed ρ, with a larger z, one has R2 > R1
more often, and then the situation in which these two pages are placed in reverse order of relevance occurs more
frequently, hurting CP 2. For the other CPs, increasing z also increases revenue by increasing the arrival rate, but
at the same time it may decrease revenue because these other CPs will have their pages ranked lower on average, in
both the neutral and non-neutral situations.
The fact that CP 2 is hurt more by non-neutrality when it invests more has the consequence that non-neutrality
reduces its optimal level of investment. In the present example, the optimal investment levels are as follows:
• In a neutral regime, CP 2 would select z = 1.25, and obtain a net profit of 0.046 per unit of time.
• In a non-neutral regime, CP 2 would select z = 1.05, and obtain a net profit of 0.038 per unit of time.
That is, with a non-neutral policy, CP 2 invests 16% less and its profit decreases by 26% in the long run. A non-
neutral policy with these optimal values of z and ρ also decreases the global relevance r (which measures the users
satisfaction) by 4%, from 0.773 to 0.7395.
4 Conclusion
We have considered a search market where an SE focuses on ranking algorithms that maximize its long-term revenue
and we have compared it with results arising from a neutral ranking algorithm based only on relevance. To investigate
the impact on content innovation between non-neutral and neutral ranking policies, we considered several CPs: one
integrated by the SE (hence often favored in the rankings), one investing to improve its quality and revenues, and
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CP 1 (neutral case) CP 1 (non-neutral case)
CP 2 (neutral case) CP 2 (non-neutral case)
Other CPs (neutral case) Other CPs (non-neutral case)
Figure 3: CP profits (including quality investment, at unit cost 0.4) (left) and visit rates to various CPs (right) as a
function of the investment z from CP 2.
a fringe of several independent and ex-ante identical CPs. One conclusion from our case study is that under non-
neutral search policies, CPs can under-invest and therefore this could curb innovation. This would of course depend
on the setting and parameter values of the model, but our example provides insight on how this could happen.
The framework we have used here can be directly applied to real-life situations, provided that data is available to
estimate the relevant distributions and parameters of the model to capture the real-world SE marketplace.
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